This paper introduces an online pedestrian crossing detection system that uses pre-existing traffic-oriented video-sensors which, at regular intervals, provide coarse spatial measurements on areas along a crosswalk. Pedestrian crossing detection is based on the recognition of occupancy patterns induced by pedestrians when they move on the crosswalk. In order to improve the ability of non-dedicated sensors to detect pedestrians, we introduce an evidential-based data fusion process that exploits redundant information coming from one or two sensors: intra-sensor fusion uses spatiotemporal characteristics of the measurements, and inter-sensor fusion uses redundancy between the two sensors. As part of the EU funded TRACKSS project on co- http://www.sciencedirect.com/science/journal/0968090X patterns obtained and leads to high detection rates of pedestrian crossings with multi-purpose sensors in operational conditions, especially when a secondary sensor is available.
sensors in urban contexts is that the same cameras used for motorized traffic -a pattern recognition module, which detects temporal patterns induced 45 by pedestrians crossing the road.
46
Our idea is twofold: exploiting when possible existing sensors to develop pedestrian crossing detection ability, and using a data fusion model to address 48 the potential weaknesses of pedestrian detection due to non-optimal camera 49 positions.
50
The data fusion process concerns both inter-sensor and intra-sensor fu- 
104
-A single pedestrian may not produce sufficient apparent movement and 105 may not be detected over some ROI. This is because movement detec-106 tion is intentionally thresholded to avoid noise.
107
-Other events than pedestrian movement also induce positive occupancy 108 rates, perpendicular vehicle flow for instance, since movement is de-pattern. Secondly, we define an inter-sensor fusion process that takes advan-117 tage of the redundancy between video-sensors when crosswalks happen to be 118 covered by two cameras. This is the case for most crosswalks of our experi-119 mental site, including the one we are focusing on. The view of the secondary 120 video sensor that covers it is depicted in Figure 1 it provides information that can be useful for solving under-detection prob-124 lems, or in the case of occluding lateral flow event. This is the purpose of 125 the inter-sensor fusion process.
126
The system architecture is depicted in Figure 2 . The first module is 127 provided with occupancy rates given by the primary video sensor, and with 128 those given by the secondary video sensor, if any. The second module receives 129 the occupancy states given by the first module, and provides the final output.
The TBM framework

139
The belief functions stated in the Dempster-Shafer theory of evidence 140 (Dempster, 1968; Shafer, 1976) 
The TBM framework provides several rules for combining sources of evi- 
where for all C in 2 Ω \ ∅ in the following way:
Note that disjunctive or compromise rules exist which may be better 173 suited for a high level of conflict between sources (Smets, 1990 (Smets, , 1993 .
Another big advantage of the TBM framework is that the reliability of a source can be taken into account with a reliability factor α. A source 176 characterized by its bba structure is affected by the discount factor (1 − α) 177 in the following way: corresponding to other sources of information, the basic belief mass is con-189 verted into occupancy state through a pignistic probability decision (Eq. 6).
190
The frame of discernment is composed of the two possible hypotheses on given by sensor i on the ROI k at time t where 1 ≤ i ≤ 2 and 1 ≤ k ≤ n.
194
We define a basic belief assignment on 2 Ω in the following way:
using the vector notation
The parameter α i introduces a discount process and the function ρ con- 
The parameter σ tunes the sensitivity of sensors to movement detection.
200
Since the occupancy rate may be rather low when a single pedestrian crosses 201 the street, σ is set at a very low value (σ = 4). An example of sensor 202 measurement is shown in Figure 3 . for several seconds, which does not comply with online constraints.
217
The idea is to identify situation changes and to anticipate temporal con- to Yager's conjunctive rule that transfers the conflict into the ignorance Ω.
243
When the conflict is high, the rule assumes that the current belief on a state 244 has to be reconsidered in the light of a new piece of evidence. As it is applied 245 twice in our application, it enables state change. when it may have failed to detect pedestrian movement.
283
The input-dependant discount process α(r whereas they are usually the same in the case of vehicle flow.
337
Bayesian inference is a simple and effective way to address this recognition 338 problem. The conditional probability of observing a pair of active FOD states
given the class c of a local occupancy source 340 is computed from a learning set following the frequentist approach; posterior 341 probabilities are computed by applying Bayes' theorem which reverses the 342 conditional probabilities (9).
The FOD arrays are taken into account for the computation of frequency 344 occurrence and posterior probabilities: the probability that the local oc-345 cupancy source belongs to a class c given a pair of FOD arrays (δ k , δ k+1 ) 346 becomes (10).
The set Ω L of classes learnt represents the possible sources of the local occupancy. It contains three classes:
349
-c N , a class for the local event "no occupancy",
350
-c PC , a class for the local event "pedestrian crossing", and
351
-c VF , a class for the local event "vehicle flow".
352
The class c VF is considered because these events are very frequent with 
Experiments
Experimental data
394
The two views shown in Figure 1 
Evaluation protocol and metrics
436
Evaluation objectives are twofold: firstly, to evaluate the whole pedestrian 437 crossing detection system, and secondly to evaluate the benefit of using a 438 secondary sensor in the system as well as the benefit of using the data fusion 439 2 The reliability coefficient is defined with α i = 0.9 and γ = 0.2 for both sensors.
process proposed.
440
The real events and the detected events need to be matched within the , where a real PCE t e is detected by the PCE r e * if any,
456
and dur(e) computes the duration of an event e. This criteria is computed 457 on all the real events and is given as cumulative distribution. 
Evaluation results
470
All the results given in this section relate to the test set.
471
PCE detection results are given in Table 2 according to the test configu- (ii) to pedestrians that come into a sidewalk region of the crosswalk whereas 489 a VFE is on-going. is the one whose graph is at top left, which is G 12 or H 1 . This figure shows 496 that the benefit in false alarms obtained by F 12 (see Table 2 ) is not at the 497 expense of the detection quality.
498
place Fig. 11 The evaluation results of the online detection system based on the double 511 fusion process (F 12 ) are shown as distributions in Figure 12 and 13. Figure   512 12 shows the errors made on the beginning and end of the detected events, 513 whereas Figure 13 shows the detection delays. Figure 12 shows that the PCE 514 decisions are good when they relate to a real PCE: their beginning time and 
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